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ABSTRACT 
 We examine seasonal forecasts of winter precipitation over the continental United 
States produced using six regional climate models (RCMs) to downscale a global model. 
Dynamic downscaling offers higher spatial resolution to better resolve surface features such 
as topography than the coarser resolution global model. This may allow for a better 
representation of precipitation over topographically varying terrain such as the western 
United States and better resolve mesoscale features such as local wind circulations.  
The RCMs downscaled the global NCEP Climate Forecast System (CFS) version 1 
model from 1982-2003 as part of the Multi-RCM Ensemble Downscaling (MRED) project. 
An ensemble of forecasts was created by initializing the models with ten different start dates. 
We assess the models performance in the January-February-March (JFM) and February-
March-April (FMA) seasons over the Interior West (IW), Southwest (SW), Gulf Coast (GC) 
and Ohio Valley (OH). The latter three regions have empirical wintertime El Niño-Southern 
Oscillation (ENSO) precipitation influences.  
We employ the statistical gamma distribution to examine the daily precipitation 
frequency and intensity over the two seasons. Specifically, our focus is on the mean of the 
gamma distribution, which is the product of the shape (α) and scale (β) parameters. We find 
that the downscaled RCMs are able to represent the influence of ENSO by a change in the 
mean of the gamma distribution between the 22 years of analysis and El Niño and La Niña 
years over the SW, GC and OH. The change in the mean is generally a result of the gamma 
distribution parameters α and β both increasing or decreasing. In the IW, the α and β 
parameters change inversely. Despite no known ENSO influence over this region, we find 
that there is a difference in the mean of the gamma distribution, particularly in FMA.  
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Seasonal forecasts of precipitation have the potential to mitigate economic loss and 
lead to more efficient water management practices. Current seasonal forecasting systems use 
coupled global general circulation models (GCM), which allow the atmosphere and ocean to 
interact. These models tend to have a coarse spatial resolution that does not resolve 
topography well. While higher resolution GCMs could be run, this remains computationally 
expensive. A fairly new approach is dynamic downscaling, where the GCM provides 
information to a limited area, regional climate model (RCM), which has a higher spatial 
resolution. This means that the RCM can better resolve mesoscale features that are important 
for topographic precipitation while being computationally lean. The higher resolution RCMs 
representation of precipitation is important to decision makers as Kirtman and Pirani (2009) 
note that the global model’s precipitation is too coarse. 
The influence of El Niño-Southern Oscillation (ENSO) offers the possibility of 
increased seasonal predictability of precipitation over parts of the United States (Gershunov 
and Barnett 1998; Cayan et al. 1999). While GCMs have had success with capturing the 
ENSO precipitation signal (Wang et al. 2009), will the dynamically downscaled RCMs of the 
Multi-RCM Ensemble Downscaling (MRED) project capture the ENSO signal and capture it 
better than the GCM? This question motivates us to evaluate the performance of the MRED 
downscaled RCMs’ representation of daily precipitation frequency and intensity in winter 
seasonal hindcasts over several areas of the continental United States. We use a 1mm bin 
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width and an unbinned distribution to test if there is sensitivity to bin width choice. The 
gamma distribution is fit to the precipitation frequency and intensity and we use the gamma 
distribution shape (α) and scale (β) parameters to assess if the downscaled RCMs are able to 
capture the ENSO signal when compared to observations. If the ENSO signal is captured in 
the downscaled RCMs better than the GCM, this may provide decision makers with useful 




This thesis is divided into three chapters, with the second chapter being submitted to 
Journal of Hydrometeorology. Chapter 1 provides the general introduction to this thesis and 
Chapter 2 contains the journal paper. General conclusions along with a review of the main 
findings are given in Chapter 3. The concluding parts of this thesis are future work, 
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 Global general circulation models (GCMs) at NCEP have provided skillful seasonal 
forecasts of sea surface temperatures since at least the early 1990s. More recently, short-lead 
time seasonal precipitation forecasts have been skillful, largely owing to the predictability of 
El Niño-Southern Oscillation (ENSO) teleconnection. However, a GCM’s typical spatial 
resolution is coarse, which means that topography and local-wind circulations important for 
precipitation are not well-resolved. Decision makers tend to be interested in regional and 
local scale information and therefore generally find the coarse GCM information not 
sufficient for their needs. By providing GCM output for regional climate models (RCMs) 
boundary conditions, a process known as dynamic downscaling, higher resolution 
simulations can be achieved to meet decision makers’ needs.  
 In this study, the global model is the NCEP Climate Forecast System (CFS, version 
1), which is downscaled by using six RCMs over the continental United States. We examine 
the daily precipitation frequency and intensity over the 3-month seasons of January-
February-March (JFM) and February-March-April (FMA) from all 22 years of analysis 
(1982-2003), which includes six El Niño years and five La Niña years, over the following 
analysis regions: Interior West (IW), Southwest (SW), Gulf Coast (GC) and Ohio Valley 
(OH). The precipitation distribution is binned using 1mm widths and an unbinned 
distribution. We use the gamma distribution shape (α) and scale (β) parameters to summarize 
the precipitation distribution and make comparisons between the three sets of years and four 
analysis regions.  
 We find that the downscaled RCMs are able to represent a difference in the mean of 
the gamma distribution between the full record and El Niño years and the full record and La 
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Niña years over the SW, GC, and OH regardless of binned or unbinned data. This is a result 
of both gamma distribution parameters generally increasing or decreasing. In the IW, we find 
the mean of the gamma distribution does change between the full record and El Niño years 
and the full record and La Niña years. This is despite no known ENSO influence over this 
region.  
Finally, the gamma distributions calculated from the unbinned precipitation have 
higher α and lower β values compared to those for the 1mm bin width for the four analysis 
regions regardless of time period (Full record, El Niño or La Niña) and season (JFM and 
FMA). While this does affect the value of the mean of the gamma distribution, we find that 
both the binned and unbinned data are able to detect the ENSO signal over the SW, GC and 
OH. Over the IW, we find that the binned and unbinned data have similar results, particularly 
in FMA, showing the mean of the gamma distribution higher in El Niño years and lower in 




a) Seasonal forecasting 
 
 It has been suggested that a warmer climate may cause a notable increase in heavy 
precipitation events while little if any changes occur in total precipitation (Groisman et al. 
1999; Karl and Trenberth 2003). Karl et al. (1996) showed a steady increase over the last 
century in 1 day precipitation events exceeding 25.4 mm and 50.8 mm. They noted that this 
is unlikely if the climate were unchanging. A study of trends of precipitation intensity, 
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frequency and amount was conducted by Karl and Knight (1998), which discovered that the 
total annual precipitation increase over the United States was mainly related to the increase in 
the upper 10% of daily precipitation events. Groisman et al. (2005) found an increasing trend 
in heavy (>50.8 mm day
-1
) and very heavy (> 101.6 mm day
-1
) precipitation over two regions 
of the Pacific Coast of northwest North America.  
These changes in precipitation raise concerns about current infrastructure, such as 
dams. If climate change further enhances precipitation events, will existing infrastructure 
withstand and most future infrastructure be built to precipitation events of future climates 
(Hossain et al. 2009; Groisman et al. 2012)? Assessing the flood risk can have significant 
impacts—economically and societally—on how dams and levees are managed. If skillful 
seasonal forecasts could be made, especially for the likelihood of heavy precipitation, they 
may aid water resource managers in how to best manage their infrastructure. Other industries 
might also benefit from skillful seasonal forecasts of precipitation. For instance, a perfectly 
forecasted El Niño-Southern Oscillation (ENSO) could have an annual value for the 
agricultural industry of an estimated $323 million (Solow et al. 1998).  
 The idea of seasonal forecasts is not new with origins being traced back to at least the 
1920s. Henry (1921) and Blochman (1925) first discussed seasonal forecasting over the 
Pacific Coast states and Walker (1923, 1924) discussed a relationship between pressure 
centers in the tropics and regional precipitation patterns around the globe. More recent 
studies have shown a link between ENSO phase and global seasonal precipitation anomalies 
(Rasmusson and Wallace 1983). In the climatological mean, warm sea surface temperatures 
(SSTs) reside over the western equatorial Pacific while relatively cooler SSTs are over the 
eastern equatorial Pacific. This results in generally wet conditions and lower pressure over 
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the western tropical Pacific and tranquil conditions and higher pressure over the eastern 
tropical Pacific. This causes an easterly circulation pattern called the Walker circulation 
(Bjerknes 1969). 
 In years where the eastern equatorial Pacific SSTs are cooler than average, the 
easterly winds are enhanced allowing for La Niña (cold ENSO phase) conditions. When the 
eastern equatorial Pacific SSTs are warmer than average with cooler SSTs over the western 
Pacific, the easterly winds are reduced allowing for El Niño (warm ENSO phase) conditions. 
The change in the circulation over the tropics in a La Niña or an El Niño year has 
implications on weather around the globe. A change in weather in one part of the world that 
affects the weather in a distant other part of the world is termed a teleconnection. In El Niño 
years, both the Aleutian low and a trough over the eastern United States tend to be deeper 
(Douglas and Englehart 1981), which can enhance the jet stream flow and create wetter than 
average conditions over the southern United States. In La Niña years, the Aleutian low and 
eastern U.S. trough are weaker than average (Douglas and Englehart 1981) favoring a storm 
track from northwestern North America through the northern Rockies into the Ohio Valley 
and exiting through the Northeast United States. This phase of ENSO has a tendency for 
wetter than average conditions over the Northwest United States and Ohio Valley and drier 
than average conditions over the southern United States. 
 The effect of ENSO phases on storm tracks and precipitation anomalies may provide 
a basis for skillful seasonal forecasts (Ropelewski and Halpert 1996). Gershunov and Barnett 
(1998a) found during El Niño years the Southeast, Gulf Coast and most of the Great Plains 
have significant increases in the frequency of heavy precipitation (precipitation greater than 
the base winter’s 75th percentile) while over the northern Rockies and Ohio Valley there are 
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significant decreases. They suggested that seasonal and intraseasonal forecasting in these 
areas seems feasible during both ENSO phases. Their results also showed a non-statistically 
significant relationship between ENSO patterns and heavy precipitation frequencies over the 
western US. Cayan et al. (1999) found that the duration and frequency of daily precipitation 
events increased over the Southwest (wetter than average conditions) and decreased over the 
Northwest (drier than average conditions) in El Niño years. When La Niña conditions were 
prevalent, the pattern was reversed over the two regions. Zhang et al. (2010) identified 
similar precipitation anomaly regions during El Niños as in Gershunov and Barnett (1998a) 
and Cayan et al. (1999). These precipitation anomalies are the expected outcome when 
ENSO is in a warm or cold phase, but other teleconnections, such as the Pacific Decadal 
Oscillation (PDO), the Madden-Julian Oscillation or the Arctic Oscillation, can alter the 
expected precipitation patterns. For example, Gershunov and Barnett (1998b) found that a 
high phase PDO would tend to complement El Niño conditions while a low phase PDO 
would tend to weaken El Niño conditions. 
 
b) Seasonal forecast models: Past and present 
 
 Skillful seasonal predictions of precipitation anomalies and regional circulations 
require that SST anomalies be represented accurately (Jin et al. 2008). In addition, the 
interaction between SSTs and atmospheric circulations needs be represented if seasonal 
forecasts are to be skillful (Ji et al. 1996; Cocke and LaRow 2000). This can be accomplished 
through a coupled global general circulation model (GCM) in which separate oceanic and 
atmospheric models interact with one another (Meehl 1990). It has been recognized that 
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coupled models can provide up to six months of skillful forecast lead time for the evolution 
of SSTs (Brunet et al. 2010). This was shown in Wang et al. (2009) where they found high 
temporal correlation coefficients of SST anomalies at a lead time of six months from their 
multi-model ensemble of coupled GCMs over the Niño 3.4 region. These same coupled 
GCMs provided high forecast skill of 1-month lead seasonal precipitation retrospective 
forecasts for June-July-August (JJA) and December-January-February (DJF) over the 
equatorial Pacific and Atlantic Oceans and northeast South America. For DJF, the high skill 
area also included the Indian Ocean, up to 40°N in the Pacific and Atlantic Oceans, southern 
Africa, northern South America, Mexico, and the southern United States. They stated that the 
model’s ability to represent the ENSO teleconnection, which has a tendency to have a 
stronger influence on atmospheric circulations in DJF, was responsible for the larger skill 
area (Wang et al. 2009). The predictability of ENSO was also better in the developing ENSO 
warm or cold phase than in a decaying ENSO phase, with the neutral ENSO phase having the 
least predictability as measured by anomaly correlations with observations (Jin et al. 2008). 
The highest skill was shown in a developing warm ENSO phase (El Niño; Jin et al. 2008). 
 Several examples follow of past and present efforts in seasonal forecasting at the 
National Centers for Environmental Prediction (NCEP) using coupled models. In 1991, the 
National Meteorological Center (now NCEP) initiated the Coupled Model Project, which 
aimed to produce multi-season climate forecasts using a coupled atmosphere-ocean GCM (Ji 
et al. 1994). Their model was able to reproduce SST anomalies over the equatorial Pacific 
Ocean reasonably well. Ultimately, they concluded that skillful seasonal forecasts were 




 The Seasonal Forecast Model (SFM), which was an upgrade from the model used in 
the Coupled Model Project, included enhancements such as increased resolution from T40 
(~350-km) to T62 (~200-km) and the inclusion of new physical processes, such as soil 
moisture (Kanamitsu et al. 2002a). Similar to the results of Ji et al. (1994), the SFM was 
more skillful for seasonal forecasting when there were large SST anomalies over the tropical 
Pacific Ocean (Kanamitsu et al. 2002a). 
 Currently, NCEP employs the Climate Forecast System (CFS, Saha et al. 2006) for 
seasonal forecasting. In this study, we use the CFS version 1 as the global model, which will 
be discussed briefly in section 2a. Wang et al. (2010) found that the CFS was able to 
reproduce the interannual variation of SSTs at lead times of 0-, 3- and 6-months over the 
Niño 3.4 region. However, the CFS had difficulty in accurately reproducing the amplitude 
and transition between El Niño and La Niña conditions for the longer lead times. They cited 
this as an issue that needs to be resolved if seasonal forecasts are to be skillful at longer lead 
times. 
 Wang et al. (2010) also compared the 2005-2008 seasonal CFS forecast with a CFS 
20-year seasonal hindcast. A forecast predicts the conditions over a future time period while a 
hindcast “predicts” a past event as if it were being forecast. They found that the global 
average SSTs from the four years of seasonal forecasts were close to the hindcast (Wang et 
al. 2010). However, after a lead time of 2-months, the forecast skill over the Niño 3.4 region 
in the CFS forecast quickly decreased when compared to the CFS 20-year seasonal hindcast. 
Wang et al. noted that the lower skill of the CFS 2005-2008 forecast may be a result of a 
relatively weak ENSO variability over this period. They suggested that if the ENSO signal 
had been stronger, the CFS 2005-2008 forecast skill may have been closer to the CFS 20-
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year seasonal hindcast skill. 
 
c) Dynamic downscaling using regional climate models 
 
 While seasonal coupled GCM forecasts are able to represent the coupling of the 
atmosphere and oceans, they tend to have a coarse horizontal resolution which does not 
sufficiently resolve surface features such as topography. In addition, the coarse horizontal 
resolution is typically not desirable for decision makers, who are more concerned with 
weather and climate impacts on a regional or local level (Kirtman and Pirani 2009). While 
GCMs can be run at finer horizontal scales, this remains computationally expensive. A 
method to achieve finer horizontal resolution is to use regional climate models (RCMs). 
While GCMs produce global forecasts, RCMs cover a limited area domain, such as the 
continental United States. To produce a forecast, the RCMs are forced by GCM data at the 
lateral boundaries. This process is known as dynamic downscaling and can allow for a better 
balance between computation time and high spatial resolution simulations compared to using 
high resolution GCMs. Downscaling using RCMs better resolves topography and mesoscale 
features (Laprise et al. 2008; Feser et al. 2011) such as local wind circulations and 
precipitation intensity (Rummakainen 2010). These smaller scale features are where RCMs 
add the most value due to their better representation of topography (Castro et al. 2005; 
Rockel et al. 2008). However, if the GCM fails to accurately predict the large scale 
dynamics, the RCM will only add more spatial detail, not correct for the inaccurate large 
scale dynamics. In other words, the RCM is only as skillful as the lateral boundary 
information provided by the GCM (Rummukainen 2010). 
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 The objective of this study is to assess the performance of downscaled RCMs 
representation of wintertime seasonal precipitation over areas of the continental United States 
with varying terrain and/or well known ENSO precipitation anomalies. Over these same 
regions, precipitation statistics from a small selection of El Niño and La Niña years are 
analyzed. While this will be a relatively small sample size, groundwork for future seasonal 
prediction studies of ENSO years will be established. The paper is organized as follows: 
section 2 contains the data and methods, section 3 will present the results and section 4 will 
provide discussion and conclusions. 
 




This study uses one coupled global GCM and six RCMs, which were run as part of 
the Multi-Regional climate model Ensemble Downscaling (MRED) Project. Table 1 contains 
a list of commonly used acronyms while Table 2 has the model characteristics. The global 
model is the NCEP CFS version 1 (Saha et al. 2006), which is a fully coupled atmosphere-
ocean-land model. A coarser version of the NCEP Global Forecast System (GFS; Moorthi et 
al. 2001) serves as the atmospheric component and it adopts a spectral triangular truncation 
of 62 waves (T62; ~1.875º x 1.875º or ~210-km x 210-km) in the horizontal. There are 64 
vertical levels with the top level at 0.2 mb. The ocean component is the Geophysical Fluid 
Dynamics Laboratory (GFDL) Modular Ocean Model version 3 (MOM3; Pacanowski and 
Griffies 1998). There are forty vertical oceanic levels with the deepest depth of 4.5-km. The 
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land surface model is the Oregon State University two layer soil hydrology model (Mahrt and 
Pan 1984) and the CFS uses thirteen vegetation classes. The convective parameterization is a 
relaxed Arakawa-Schubert scheme (Moorthi and Suarez 1992) while the microphysics 
parameterization is a prognostic cloud model using the Ferrier scheme (Ferrier 1994). Long-
wave radiation parameterization uses the GFDL’s Rapid Radiative Transfer Model (RRTM; 
Mlawer et al. 1997) while shortwave radiation parameterization uses NASA’s Chou 
parameterization (Chou and Suarez 1999). The boundary layer parameterization is Hong-Pan 
non-local K scheme (Hong and Pan 1996). Finally, while the operational NCEP CFS has 
recently been upgraded to version 2, this study uses version 1. The most notable changes 
from version 1 to version 2 are an increase in horizontal resolution of the atmospheric model 
from T62 to T126 (~210-km to ~100-km; Yang et al. 2009), the use of the global MOM4 as 
the oceanic model and use of a 4-level NCEP-Oregon State University-Air Force Weather 
Agency-NOAA’s Office of Hydrology (NOAH) land surface model (Saha et al. 2012, 
manuscript submitted to J. Climate). 
 At NCEP, the CFS generated reforecasts from 1982-2003 with initial conditions from 
ten different dates (21 to 25 November and 29 November to 3 December) to the end of April 
to create an ensemble of forecasts. Atmospheric initial conditions were provided by the 
NCEP-DOE Atmospheric Model Intercomparison Project (AMIP-II) Reanalysis (Kanamitsu 
et al. 2002b) and oceanic initial conditions were provided by NCEP’s Global Ocean Data 
Assimilation System (GODAS; Behringer and Xue 2004). An ensemble of seasonal forecasts 
provides a range of uncertainty to help decision makers know the range of possible solutions 
so that they can best manage their interests (Brunet et al. 2010). 
 Participating MRED groups used their RCMs to downscale the NCEP CFS 
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simulations using a horizontal grid spacing of 32-km and interpolated their results to a 
common 3/8° Mercator grid over the continental United States (Fig. 1). The six RCMs (see 
Table 1 for model acronym expansions) are as follows: CSU RAMS, ECPC RSM, ISU 
MM5, ISWS CWRF, PNNL WRF-ARW, and UCLA ETA. The RCM data is output every 3 
hours, which we accumulate into daily totals of rain or snow-water equivalent (herein, 
precipitation) at 0000 UTC for the preceding 24 hours.  
A brief discussion will highlight some of the RCM features. The NCEP CFS and the 
ECPC RSM have similar parameterizations, except the ECPC RSM’s dynamics are non-
hydrostatic. The ECPC RSM is the only RCM that employs spectral nudging (von Storch et 
al. 2000). With the exception of the UCLA ETA, the RCMs treat the lateral boundaries with 
various relaxations. Versions of the Kain-Fritsch (Kain and Fritsch 1990, 1992; Kain 2004) 
deep convection scheme were used in the CSU RAMS, ISU MM5 and PNNL WRF while the 
Betts-Miller-Janjic (Betts 1986; Betts and Miller 1986; Janjic 1994) was used in the UCLA 
ETA and a revised Grell-Devenyi (Grell and Devenyi 2002) in the ISWS CWRF. Otherwise, 
there is diversity in the RCMs with regards to microphysics, radiation and boundary layer 
parameterizations (Table 2). 
 
b)  Observations 
 
 To verify the results, we use the NARR (Mesinger et al. 2006) and CPC’s UNI 
(Higgins et al. 2000; see Table 2 for acronym expansions) observations. NARR is on a 
horizontal spacing of 32-km x 32-km that covers a majority of North America and is output 
every 3 hours. While NARR is the same horizontal resolution as the RCMs, it is on its native 
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Lambert Conformal projection, not the MRED Mercator projection. The horizontal resolution 
of the CPC UNI is 0.25º x 0.25º on a Mercator grid over the continental United States, and is 
reported daily at 1200 UTC. We use two observational datasets because they were created 
using two different methods. The NARR assimilates observed precipitation into a reanalysis 
using the ETA model with the Regional Data Assimilation System (RDAS). The CPC UNI 
grids around 8000 observed daily precipitation accumulations (Higgins et al. 2000). Over 
topographically varying regions, such as the western United States, station observations tend 
to be located in lower elevations. These observations are likely not representative of 
precipitation that occurred at higher elevations. NARR provides a balance between spatial 
resolution over topographically varying terrain and its assimilation of observed precipitation 
ensures the reanalysis is close to reality. This study does not use any ungridded station data, 
such as the Cooperative Observer Program (COOP), due to the concern of spatial 
inhomogeneity in the horizontal as the COOP data are point values while the models produce 
area averages. 
 
c) Analysis method 
 
 We examine the daily precipitation for the January-February-March (JFM) and 
February-March-April (FMA) seasons over the following four regions of the continental 
United States: the Southwest (SW), Gulf Coast (GC), Ohio Valley (OH), and the 
Intermountain West (IW; Fig. 1 boxes). The first three regions are known to be influenced by 
ENSO while the fourth region is chosen as it fits with analysis being performed at ECPC. We 
use a seasonal (3-month) time period, which corresponds with operational seasonal forecasts 
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produced at NCEP. For each analysis region, we combine the land grid point precipitation 
data from each model’s ensemble members to construct histograms of daily precipitation 
frequency and intensity out to 250 mm using a bin width of 1.0 mm and an unbinned 
distribution. The 1mm bin width was chosen according to the method described in Wilks 
(2006) to satisfy minimum width criteria. The unbinned distribution was chosen to examine 
sensitivity to bin width. 
To examine daily precipitation frequency versus intensity, we employ a fitted 
statistical distribution. The advantage of a statistical distribution is that it can provide a 
succinct summary of the data through its parameters. This of course assumes that the 
parameterized statistical distribution is representative of the precipitation distribution. We 
chose the gamma distribution as it is often used in studies of precipitation intensity (e.g. 
Wilks 1990; Groisman et al. 1999; Wilks 2006; Gutowski et al. 2007; Husak et al. 2007; 
Becker et al. 2009). Though there remains no physical basis for using the gamma 
distribution, it is advantageous for the precipitation distribution since it is nonnegative and 
skewed to the right despite the tendency to smooth out the more intense precipitation events. 
The gamma distribution is defined as 
       
               
     
 (1) 
where α is the shape parameter, β is the scale parameter, x is the precipitation amount and the 
gamma function ( (α)) is defined as 
                
 
 
   (2) 
where t is a random variable (Thom 1958; Wilks 2006). The shape parameter, α, describes 
the shape of the curve. When α is small (<1), the gamma distribution is strongly skewed in 
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the positive x direction with the maximum of the gamma distribution at 0. As α increases to 
values larger than 50, the gamma distribution takes on the appearance of a Gaussian curve 
(Wilks 2006). When α = 1, the distribution is exponential. The scale parameter, β, squeezes 
or stretches the gamma function along the x axis. The distribution is stretched to the right 
when β is large, which requires the height of the distribution to fall in order for the mean to 
be preserved. The distribution is squeezed to the left when β is small, which requires the 
height of the distribution to rise (Wilks 2006). We will discuss further the interpretation of 
the parameters at the end of this section. 
A challenge with the gamma distribution is that it only applies for values greater than 
zero, which presents a problem to precipitation since zero (no precipitation) is in itself an 
event. In this study, a minimum accumulation of 0.254 mm day
-1
 was used to define a 
precipitation event. This threshold was chosen as it is the threshold of measurable 
precipitation as defined by the National Weather Service (National Weather Service Products 
and Services Guide 2008). Precipitation less than 0.254 mm day
-1 
is defined as “no 
precipitation” in both the 1mm bin width and the unbinned distribution. We will use ζ to 
quantify how often the models produce “no precipitation” and compute ζ by dividing the 
total number of daily events with accumulated grid point precipitation less than 0.254 mm 
day
-1 
by the total number of events (no precipitation and measurable precipitation) over the 
analysis region. Separating no precipitation from measurable precipitation allows for a better 
estimation of the gamma distribution parameters α and β as we employ the maximum 
likelihood method (MLE). 
We estimate the shape (α) and scale (β) parameters of (1) by using a discretized 
gamma distribution defined as 
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 (3) 
where b represents the bin index and f(x) is (1). This MLE (3) is only used for the 1mm bin 
width precipitation as (1) is used for the unbinned precipitation, since there are no discrete 
bins on which (3) could operate. The MLE serves to maximize log-likelihood of the gamma 
probability distribution function (PDF) as a function of α and β and is affected by how the 
precipitation is distributed in the distribution. This MLE ultimately estimates the optimum α 
and β parameters for a given precipitation distribution. Other studies (e.g. Husak et al. 2007; 
Becker et al. 2009) have used the MLE as described in Thom (1958) and Wilks (2006). The 
Thom (1958) and Wilks (2006) MLE method is a good approximation to estimate the gamma 
distribution parameters for unbinned data. We use (1) for the unbinned data to have some 
consistency between the 1 mm bin width and the unbinned distribution. In the case for 1mm 
bin width, the data is in discrete bins so we use (3) to find the optimum shape, α, and scale, β, 
parameters. 
A caveat with the MLE method is that it assumes independence between precipitation 
events. However, over a 3-month period precipitation events are likely not independent. We 
therefore apply the Monte Carlo resampling technique to account for the lack of 
independence. In addition, the Monte Carlo procedure will allow us to assess the statistical 
significance of the shape and scale parameters and compare these parameters between 
regions. As part of the Monte Carlo procedure, a sample size that would be representative if 
the events were independent needs to be determined. In order to determine an independent 
sample size, we calculate a lag-1 autocorrelation coefficient for daily precipitation 
individually for the CFS MRED, CFS Native, NARR, and CPC UNI and each RCM for all 
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years 1982-2003. The RCMs autocorrelations are then combined to create an average 
autocorrelation that is representative of all models.  
A similar method is used to calculate the autocorrelations for the El Niño and La Niña 
years. The selection of El Niño and La Niña years used National Oceanic and Atmospheric 
Administration’s (NOAA) CPC Niño 3.4 Oceanic Niño Index (ONI), following Yuan and 
Liang (2011). The ONI uses a 3-month running mean of SST anomalies from climatology 
based on the 1971-2000 period. An El Niño/La Niña event is defined when SST anomalies 
reach +/-0.5°C threshold for 5 consecutive over-lapping 3-month periods. For the 22 years of 
data, we have 6 El Niño (1982, 1986, 1991, 1994, 1997, 2002) and 5 La Niña (1984, 1988, 
1995, 1998, 1999) years. The smaller sample size in the analysis of the El Niño and La Niña 
years causes more variability in the Monte Carlo results than in the all years’ analysis. 
The components that make up the sample size are the number of grid points in the 
analysis region, the number of days in the period (typically a season), the number of model 
ensemble initialization dates, and the number of years. We consider the grid points in each 
analysis region and the number of days in each season (assume a non-leap year) to not be 
independent. However, we consider each ensemble member to be independent of the other 
ensemble members. This is because of different initial conditions (e.g. 21 November, 22 
November, etc.), though pentads of ensemble members rely on the same SSTs so they may 
be somewhat correlated. In addition, we consider each year to be independent of the other 
years. The autocorrelation is then used to account for the non-independence following Wilks 
(2006) as 
     
    




where n may be the number of grid points in each analysis region or the number of days 
within the period,    is the effective sample size corresponding to n, and    is the lag-1 
autocorrelation coefficient. Therefore, the equation for the independent sample size (N) for 
the RCMs, CFS MRED and CFS Native is  
       
       
           (5) 
where    
  is the effective sample size of grid points,     
  is the effective sample size of the 
days of the season, ens is the number of different initial conditions to create the ensemble 
members and y is the number of years in the analysis. Ultimately, there is one sample size for 
all the RCMs, one sample size for the CFS MRED and one sample size for the CFS Native. 
The observation sample size would be the same as (5) only without ens. For models and 
observations, we round any sample size larger than 1000 up to the nearest thousand and any 
sample size smaller than 1000 up to the nearest hundred. 
After the sample sizes have been determined, we generate 1000 Monte Carlo 
simulations where the modeled or observed shape (α) and scale (β) parameters are used to 
generate a new precipitation dataset. The MLE is then used to determine the simulated shape 
and scale parameters from the new precipitation dataset. This ultimately yields 1000 
simulated shape and scale parameters along with the model/observed shape and scale 
parameters. A 95% confidence interval is calculated to test the significance of these 
parameters and sensitivity to bin width, and also to compare parameters between analysis 
regions. 
Since the gamma distribution parameters α and β are not independent of one another, 
the parameters must be evaluated as a pair, not individually (Husak et al. 2007). For example, 
the mean (  ) of the gamma distribution is given by 
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        (6) 
Recall that the gamma distribution itself, and thus (6), applies only to measurable 
precipitation days (greater than 0.254 mm day
-1
). If the mean (  ) is held constant in (6) and 
the estimated scale (β) parameter becomes smaller, the estimated shape (α) parameter must 
become larger to maintain the mean (  ). That is, the scale parameter depends on the shape 
parameter and vice versa. As Husak et al. (2007) discussed, the parameters tend to fall into 
three categories: “shape dominated”, “scale dominated” and “low rainfall” (Fig. 2). Shape 
dominated precipitation is defined by large shape (α) and small scale (β) values while scale 
dominated precipitation is defined by small shape and large scale values. “Low rainfall” is 
defined as an area that is typically arid over the analysis period and the average rainfall 
cannot sustain agriculture. As discussed earlier, a large shape parameter implies that the 
distribution is approximately Gaussian rather than highly skewed, while a small shape 
parameter implies that the distribution is narrowed. Therefore, shape dominated precipitation 
tends to have consistent precipitation while a scale dominated precipitation tends to have a 




We will assess the precipitation frequency versus intensity of the 1mm bin widths 
first and then the unbinned precipitation second. Each of these two sections will have 
subsection devoted to each of the four analysis regions. The 1mm bin widths will also have a 
brief discussion on the   parameter (precipitation less than 0.254 mm day-1). We abbreviate 




a) 1mm bin width 
 
With regards to significance testing using the Monte Carlo, we find that the within 
model uncertainty as measured by the 95% confidence interval is small compared to the 
between model variation (Fig. 3). That is, the uncertainty in the α and β parameter estimates 
is small compared to each model’s α and β, meaning that the parameters estimates are 
significant. 
 
1) INTERIOR WEST (IW) 
 
This is a “low rainfall” precipitation distribution relative to the other analysis regions. 
Husak et al. (2007) defined “low rainfall” as an area that is arid and the average precipitation 
cannot support agriculture. Figure 4 shows this region has the least amount of average 
precipitation compared to the other analysis regions. We find this region to have the smallest 
range of β, from 7.377 to 7.754 (Tables 3, 4). While the β is nearly constant, the models have 
different means of the gamma distribution (Fig. 5). Note in Fig. 6 how there are a limited 
number of heavy precipitation events in any given time period or season. In order for the 
models to have different means of the gamma distribution while β is nearly constant, α must 
be changing in accordance with (6). In contrast to β, α in the IW has the largest range (from 
0.404 to 0.745) compared to the other regions (Tables 3, 4).  
This region also has the lowest UNI observed mean of the gamma distribution. The 
IW has no known reliable ENSO precipitation signal, likely due to the jet stream of the 
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typical EN and LN pattern splitting this region (Douglas and Englehart 1981; Ropelewski 
and Halpert 1989). This is shown by little change in the UNI observed mean of the gamma 
distribution in Fig. 5 between All, EN and LN years. The mean of the gamma distribution for 
the models does change between All, EN, and LN years, mainly due to changes in the shape 
parameter, α. When α is less than 1, the decline in frequency with increasing intensity is 
more rapid than exponential decay.  
The small α and β ranges in Fig. 5 might indicate that there are no differences 
between the ENSO regimes (All, EN, LN; Fig. 6). To examine this, we compare α and β 
values from All years to EN years and All years to LN years (Tables 3, 4). In EN years, the 
value of α is higher and β is lower than All years generally. In LN years, particularly FMA, α 
tends to be lower while β tends to be higher compared to All years, the opposite of All to EN 
years. This means that for EN years the frequency decreases slower in the lowest 
precipitation intensities while All and LN years have a more rapid decrease in frequency in 
the lower precipitation intensities. The lower β in EN years means the gamma distribution is 
compressed towards 0, implying that there are either not as many heavy precipitation events 
or that the gamma distribution may not adequately capture the precipitation events. The 
higher β in LN years means the gamma distribution is stretched away from 0. We find that in 
JFM and FMA the mean of the gamma distribution is larger in EN years than All years. The 
mean of the FMA gamma distribution is smaller for LN years compared to All years. The 
difference in the mean of the gamma distribution for the different ENSO phases is surprising 





2) SOUTHWEST (SW) 
 
Results for JFM and FMA show that this region’s precipitation is scale dominated. 
Compared to the IW, the mean of the gamma distribution is larger. The range of the scale 
parameter, β, is larger and higher while the range of the shape parameter, α, is smaller and 
lower than the IW. α ranges from 0.471 to 0.635 while β ranges from 7.776 to 16.601 (Fig. 7; 
Tables 5, 6). As mentioned in the previous section, as α approaches 0, the distribution 
decreases at a rate faster than exponential. A higher β parameter means the tail of the 
distribution is stretched towards higher values as shown in Fig. 8. 
Both α and β are higher for EN years than All years resulting in a larger mean of the 
gamma distribution in EN years (Tables 5, 6). The mean of the gamma distribution is smaller 
in LN years because α is lower and β is slightly higher than All years. This is in contrast to 
the IW where as α increased, β decreased and vice versa. The likely reason for the 
differences between the parameter behavior in the IW and SW is the ENSO influence in the 
SW. While the IW has no known ENSO response in total precipitation, the SW tends to be 
wetter than average in EN years and drier than average in LN years due to the typical jet 
stream pattern (Douglas and Englehart 1981; Cayan et al. 1999). This has an impact on the 
mean of the gamma distribution for the models and observations such that the means in EN 
and LN years are noticeably different from All years in the SW. We also note that the UNI 
observed mean of the gamma distribution is larger in EN years than All years and lower in 
LN years than All years (Fig. 7). The UNI observations fit with the expected EN and LN 
conditions compared to average over the SW.  
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For the models in LN years, all of the downscaled RCMs except the UCLA ETA are 
wetter than the UNI observed mean of the gamma distribution (Fig. 7e,f). Note in Fig. 8e,f 
how the observations have lower precipitation intensity and frequency compared to the 
models. With the exception of the UCLA ETA in FMA, the models have a smaller mean of 
the gamma distribution in LN years compared to All years (Fig. 7; Tables 5, 6). This fits with 
the expected LN response for this region where conditions tend to be drier than average. For 
All and EN years, the models are distributed evenly about the UNI observed mean of the 
gamma distribution with three downscaled RCMs that are wetter and three that are drier (Fig. 
7a-d). This is also shown in Fig. 8a-d with the observations roughly in the middle of the 
models. For EN years, the mean of the gamma distribution is larger than All years, reflecting 
the EN signal of wetter than average conditions over the SW (Fig. 7). While the downscaled 
RCMs follow the UNI with higher means in EN years and lower means in LN years, the 
same cannot be stated about the α and β ensemble mean of the downscaled RCMs. When the 
α and β ensemble mean is calculated for All and EN years (Fig. 7a-d), the mean is relatively 
close to the UNI observed mean of the gamma distribution. However, if the α and β ensemble 
mean is calculated for LN years (Fig. 7e,f), it is higher than the UNI observed mean of the 
gamma distribution. 
 
3) GULF COAST (GC) 
 
This is the most scale dominated (small α, large β) precipitation distribution of the 
four analysis regions. The scale parameter, β, has a range from 8.920 to 22.360 while the 
shape parameter, α, has a range from 0.430 to 0.708 between JFM and FMA (Fig. 9; Tables 
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7, 8). Scale dominated precipitation is generally more variable and there are more heavy 
events (Fig. 10). While JFM mean precipitation over the GC is generally 4 to 6 mm day
-1
 
(Fig. 4), the highest of any of the analysis regions, a region with more heavy events does not 
necessarily mean more total precipitation. 
As with the SW, the ENSO signal is apparent in the observations. That is, in JFM and 
FMA the UNI observed mean of the gamma distribution is larger in EN years compared to 
All years and smaller in LN years compared to All years (Fig. 9). We find that in All and EN 
years, the downscaled RCMs tend to be either near or drier than the UNI observed mean of 
the gamma distribution (Fig. 9a-d). In LN years, the models are distributed about the UNI 
observed mean of the gamma distribution, as illustrated in Fig. 9e,f. In general terms, it is 
known that RCMs have difficulty in the GC region. For example, Sobolowski and Pavelsky 
(2012) found that their multimodel mean could not represent the spatial pattern of 
precipitation and tended to underestimate precipitation in the western Gulf Coast and 
overestimate precipitation in the eastern Gulf Coast. They reasoned that the RCMs were 
reproducing known systematic errors from their driving GCMs, such as moisture transport 
and convective processes. In this study, it is encouraging that the downscaled RCMs are able 
to represent the ENSO signal by having a larger mean of the gamma distribution in EN years 
and a lower mean in LN years even though the mean does not match the observations. 
 
4) OHIO VALLEY (OH) 
 
This region’s precipitation is shape dominated. The shape parameter, α, has a range 
from 0.481 to 0.737 while the scale parameter, β, has a range from 7.433 to 13.218 (Fig. 11; 
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Tables 9, 10). As with the SW and GC, the UNI observed mean of the gamma distribution 
shows the ENSO signal, with a smaller mean of the gamma distribution in EN years and a 
larger mean of the gamma distribution in LN years. This is also shown in the precipitation 
intensity distribution (Fig. 12), with the UNI having more frequent and intense precipitation 
in LN years compared to EN years. The mean of the gamma distribution for the models, 
except the UCLA ETA in FMA, is smaller in EN years and larger in LN years, which agrees 
with the observed ENSO signal over the OH region. Overall, we find the downscaled RCMs 
are near the UNI observed mean of the gamma distribution (Fig. 11). 
In JFM EN years, the ISU MM5 and CSU RAMS have similar means of the gamma 
distribution, yet their α and β values are different (Fig. 11a). The mean of the gamma 
distribution for the ISU MM5 is 4.694 and the CSU RAMS is 4.541 (Table 9). The ISU 
MM5’s shape parameter, α, is 0.481 and scale parameter, β, is 9.757 while the CSU RAMS’ 
α is 0.606 and β is 7.498. The smaller α of the ISU MM5 reflects the fact that the frequency 
decreases more rapidly in the lowest precipitation intensities (<20 mm day
-1
, Fig. 13) and 
more gradually in the higher precipitation intensities compared to the CSU RAMS. The 
higher β value in the ISU MM5 also means the distribution is stretched towards higher 
precipitation values. The differences in the characteristics of precipitation frequency and 
intensity may yield a different decision maker response for each model. However, if all 
model solutions are considered, decision makers can be provided with a range of forecasts 






5) NO PRECIPITATION (ζ) 
 
The UCLA ETA has the highest ζ (probability of generating precipitation less than 
0.254 mm day
-1
) in the IW (Fig. 14), SW (Fig. 15) and OH (Fig. 16). Figs. 6, 8, 10, and 12 
show that the UCLA ETA generally has the fewest number of heavy intensity event 
compared to the other models. This is true even in the GC, where the ISU MM5 generally 
has the highest ζ (Fig. 17). Despite a high ζ value, the ISU MM5 incidence of heavy 
precipitation events is in the middle of the models (Fig. 10). The next highest ζ value in the 
IW, SW and OH are from the PNNL WRF or ISU MM5 (Figs. 14-16), however, these RCMs 
tend to have heavier precipitation events comparable to the ISWS CWRF and ECPC RSM. 
The ECPC RSM has the smallest ζ in the IW (Fig. 14) and SW (Fig. 15) while the 
CSU RAMS has the smallest ζ in the GC (Fig. 17) and OH (Fig. 16). In the IW, ECPC RSM 
has a higher frequency of precipitation intensities compared to a majority of the models (Fig. 
6). In the SW, the ECPC RSM is among other models with heavy precipitation (Fig. 8). In 
the GC (Fig. 10) and OH (Fig. 12), the CSU RAMS is also among the models with heavy 
precipitation. The next lowest ζ in the IW is the CSU RAMS (Fig. 14) and in the SW it is the 
ISWS CWRF (Fig. 15). We can observe in the SW that the ISWS CWRF tends to have more 




 For all analysis regions, seasons and time periods we find that calculating the gamma 
distribution parameters using the unbinned method gives higher α values and lower β values. 
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As with the 1mm bin widths, precipitation less than 0.254 mm day
-1
 are excluded from the 
analysis. With the 1mm bin width, the precipitation frequency drops drastically between the 
discrete first and second bin. However, when we use the unbinned data, the precipitation 
frequency is a continuous distribution. Essentially, unbinned data has an infinitesimal 
number of bins that does not have the drastic drop in precipitation frequency. This is the 
likely cause of the higher α values and lower β values in the unbinned precipitation. The 
higher α means that the distribution in the lowest intensities is decreasing more gradually 
compared to the 1mm bin width precipitation distribution. The β parameter is lower, meaning 
that the gamma distribution is not stretched toward high precipitation events.  Examining the 
mean of the gamma distribution, models that have a wetter mean compared to the UNI mean 
are generally wetter regardless of whether the precipitation data are binned or unbinned. This 
is also true of models that were drier than the UNI mean of the gamma distribution. 
 We did not perform significance testing using the Monte Carlo and 95% confidence 
interval method on the unbinned precipitation. This is because when we performed 
significance testing with the 1mm bin width, we found the α and β parameters to be 
significant compared to each models’ α and β.  
 
1) INTERIOR WEST (IW) 
 
As with the 1mm bin width, we find the unbinned precipitation in the IW to be 
characterized by a “low rainfall” precipitation distribution compared to other regions. The α 
values are from 0.914 to 1.189 while β values are from 1.727 to 5.216 (Fig. 18; Tables 11, 
12). With α around 1, the gamma distribution is approximately exponential. The range of β is 
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larger relative to the 1mm bin width. This suggests that the gamma distribution is stretched 
toward higher precipitation events. We find that the mean of the gamma distribution is 
generally larger for EN years compared to All years in both seasons (Tables 11, 12). The 
mean of the gamma distribution is generally smaller in LN years compared to All years. This 
result was also found when 1mm bin width was used. However, the behavior of α and β 
differs from the 1mm bin width, where if α was increasing, β was decreasing (or vice versa). 
With the unbinned precipitation for EN years, α and β both increase while in LN years α 
tends to increase while β decreases.  
 
2) SOUTHWEST (SW) 
 
We find that α ranges from 0.628 to 0.792 and β ranges from 5.303 to 13.274 (Fig. 
19; Tables 13, 14). As was found with the 1 mm bin width, the mean of the gamma 
distribution is larger for all models and observations in EN years and smaller in LN years 
compared to All years. Both α and β are higher in EN years compared to All years and 
generally lower in LN years compared to All years. This allows for the ENSO signal to be 
clearly noted in this region. 
Three of the downscaled RCMs are wetter and three are drier than the UNI observed 
mean of the gamma distribution in All and EN years (Fig. 19a-d). Almost all the downscaled 
RCMs are wetter than the UNI observed mean of the gamma distribution in LN years (Fig. 
19e-f). The α and β ensemble mean of the downscaled RCMs in All and EN years is 
relatively close to the UNI observed mean of the gamma distribution. In LN years, the α and 
β ensemble mean is wetter than the UNI observed mean of the gamma distribution due to 
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most of the downscaled RCMs α and β values higher than the UNI α and β values. These 
unbinned results are similar to the 1mm bin width results for the SW. 
 
3) GULF COAST (GC) 
 
The range of α is from 0.627 to 0.834 and the range of β is from 6.872 to 18.256 (Fig. 
20; Tables 15, 16). As with the results using 1mm bin width, this region is the most scale 
dominated precipitation distribution relative to the other analysis regions. The mean of the 
gamma distribution is larger in EN years compared to All years and mainly smaller in LN 
years compared to All years (Tables 15, 16). This is generally a result of higher α and β 
values in EN years and lower values in LN years compared to All years. The downscaled 
RCMs are generally near or drier than the UNI mean of the gamma distribution, although a 
few RCMs are wetter than UNI in LN years (Fig. 20). 
 
4) OHIO VALLEY (OH) 
 
We find that α ranges from 0.717 to 0.915 and β ranges from 4.533 to 10.960 (Fig. 
21; Tables 17, 18). Relative to the other analysis regions, this is a more shape dominated 
precipitation distribution. The behavior of α and β is different compared to the 1mm bin 
width. For example in EN years using 1mm bin width, we generally found lower α and β 
values. However in the no bin width for EN years, we find α and β can both be increasing, 
decreasing or one parameter increasing and the other parameter decreasing (Tables 17, 18). A 
similar behavior is noted in LN years. Despite the different behavior of α and β, we observe 
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the mean of the gamma distribution is larger in LN years compared to All years and smaller 
in EN years compared to All years as expected for the ENSO over the OH and found using 
the 1mm bin width. 
A majority of the models’ mean of the gamma distribution are clustered around the 
UNI mean of the gamma distribution. As mentioned in the SW region, the α and β ensemble 
mean of the downscaled RCMs (Fig. 21) is near the UNI mean of the gamma distribution for 
both seasons and the three sets of years.  
 
4. Discussion and Conclusions 
 
We examined precipitation frequency versus intensity from the global NCEP CFS 
model and six downscaled RCMs compared to observations for four analysis regions over the 
continental United States. By using the fitted gamma distribution parameters α and β, we 
assessed the performance and made comparisons of downscaled RCMs between analysis 
regions and binned and unbinned precipitation. The three ENSO influenced regions have a 
discernible ENSO signal in the downscaled RCMs with a change in the mean of the gamma 
distribution. However, the non-ENSO influenced region does have a different mean of the 
gamma distribution in the downscaled RCMs. The ENSO precipitation signal in the higher 
spatial resolution downscaled RCMs, particularly in the SW, GC, and OH regions, provides 
promise that seasonal forecasts could provide useful information at the scales of interest of 
decision makers.  
In the IW, where there is no known ENSO influence, the mean of the gamma 
distribution in FMA is larger in EN years compared to All years and generally smaller in LN 
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years compared to All years using 1mm bin width. While we only have a limited number of 
EN and LN years, this would suggest that in FMA over the IW there is an influence on 
precipitation, which may or may not be related to ENSO. The same cannot be stated about 
JFM. In EN years, the mean of the gamma distribution is larger than All years. However, in 
FMA the downscaled RCMs are split with half having a larger and half having a smaller 
mean of the gamma distribution. 
In the SW and GC, the mean of the gamma distribution is larger for All compared to 
EN years and smaller for All compared to LN years. In the OH, the opposite occurs. The 
difference in the behavior of the means of the gamma distribution in the SW, GC, and OH is 
caused by the behavior of the α and β parameters. In the IW region, the α and β parameters 
change inversely when comparing All to EN years and All to LN years. In the SW, GC, and 
OH regions, α and β generally change in the same direction. So, for ENSO influenced 
regions, we speculate that α and β parameters will generally both increase or decrease 
compared to a base period (22 years in this study) when in an EN or LN year. This should 
result in a larger or smaller mean of the gamma distribution than the base period, depending 
on the ENSO phase and expected ENSO influence over a region. 
Our analysis found that the GC and SW have scale dominated precipitation relative to 
the other analysis regions. We found the IW to have a “low rainfall” precipitation distribution 
and the OH to have a shape dominated precipitation distribution relative to the other regions. 
Recall from Fig. 2 that scale dominated distributions tend to have variable precipitation and 
more heavy events whereas shape dominated precipitation tend to have more consistent 
precipitation. We hypothesize that precipitation in the GC and SW are more scale dominated 
because they are located closer to moisture sources and the equator compared to the IW and 
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OH. The closer proximity of moisture sources, in this case the Gulf of Mexico for the GC 
and the Pacific Ocean for the SW, should allow for more efficient moisture transport and 
higher precipitable water values. The higher precipitable water values could lead to more 
intense precipitation. In contrast, the farther poleward IW and OH regions may have less 
moisture available for precipitation compared to the equatorward areas. In addition, the 
farther equatorward regions may be producing convective precipitation, particularly in FMA, 
even though this study is in the cold season. Climatologically, temperatures are higher in 
these equatorward regions than the poleward IW and OH regions. This would lend to the idea 
of more intense, convective precipitation.  
The binned and unbinned precipitation provided similar results over the SW, GC, and 
OH. Specifically, the mean of the gamma distribution was higher in EN years and lower in 
LN years compared to All years in the SW and GC. Over the OH, the mean of the gamma 
distribution was lower in EN years and higher in LN years compared to All years. However, 
we find that using unbinned precipitation yields higher α and lower β values than the 1mm 
bin width. We speculate that the higher α and lower β values are a result of (1) providing a 
better estimate of the gamma distribution parameters. This is because instead of optimizing α 
and β over a 1mm bin width as in (3), each observation is optimized with the unbinned 
precipitation in (1). 
This study has focused on seasonal precipitation in the past or in hindcast mode, 
using the gamma distribution. This study has not surveyed extreme precipitation. If extreme 
precipitation is investigated, other fitted distribution or extreme value theory might be 
explored (Meehl et al. 2000; Wilson and Toumi 2005) beyond the gamma distribution. 
Alternatively, a threshold of precipitation, such as 50 mm day
-1
 or 100 mm day
-1
, could be 
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used to examine the frequency of precipitation above that threshold. This would allow for 
comparing model frequencies and any statistical distribution’s estimated frequency to the 
observed frequency. 
We found that the ENSO signal was resolved in the downscaled RCMs over known 
ENSO influenced regions of the SW, GC, and OH in hindcast mode even with a small 
sample size of EN and LN years. This yields promise for going from hindcast to forecast 
using dynamic downscaling of RCMs, which is an important step within a changing climate 
as changes in the character of precipitation are anticipated (Groisman et al. 1999; Karl and 
Trenberth 2003). Changes in the character of precipitation could have societal impacts. Since 
we have found that the ENSO signal is detected by the downscaled RCMs, seasonal forecasts 
may prove useful for water resource managers to make informed decisions on how to best 
manage their infrastructure in a changing climate. However, quantifying how much wetter or 
drier the model’s mean of the gamma distribution is compared to the observed mean of the 
gamma distribution may add additional value for water managers and agriculture.  
Therefore, we encourage continued use of dynamic downscaling of RCMs as a means 
to provide decision makers useful information at their scales of interest—regional and local 
(Kirtman and Pirani 2009). Further improvements in RCMs including higher resolution may 
allow for more detailed depiction of precipitation over the varying terrain of the western 
United States, though this does not guarantee accurate prediction. In addition, version 2 of 
the CFS is currently operational with T126 resolution (~100 km) and an updated, fully global 
ocean model (MOM4) among other improvements (Saha et al. 2012, manuscript submitted J. 
Climate). CFS version 3 is also planned with increased resolution. Continued improvements 
in the global model and the coupled ocean model should allow for better resolving the ENSO 
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signal in the equatorial Pacific, which should translate to improvements in the downscaled 
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TABLE 1. Acronym names of institutions, models and observations used. 
Acronym 
 CSU Colorado State University 
CFS Climate Forecast System 
CPC Climate Prediction Center 
CWRF Climate WRF 
ECPC Experimental Climate Prediction Center 
ISWS Illinois Soil and Water Survey 
ISU Iowa State University 
MM5 Mesoscale Model 
NCEP National Centers for Environmental Prediction 
NARR North American Regional Reanalysis 
PNNL Pacific Northwest National Lab 
RAMS Regional Atmospheric Modeling System 
RSM Regional Spectral Model 
UNI Unified Rainguage Dataset 
UCLA University of California-Los Angeles 









Table 2. Description of the MRED models. 
Institution and 
Model Name 




NCEP CFS Hydrostatic 
compressible 
N/A N/A 
ECPC RSM Hydrostatic 
compressible 
Relaxed at boundaries; 
perturbation spectral filter 
Yes 
CSU RAMS Non-hydrostatic 
compressible 
5 grid points 
(parabolic relaxation 
function, Davies 1978) 
No 
ISU MM5 Non-hydrostatic 
compressible 
15 points (exponential 
relaxation) 
No 
ISWS CWRF Non-hydrostatic 
compressible 
15 grid points 
(exponential relaxation) 
No 
PNNL WRF-ARW Non-hydrostatic 
compressible 
15 grid points 
(exponential relaxation) 
No 
UCLA ETA Non-hydrostatic 
compressible 
4 grid points average for 
the outermost row of grid 























Table 2. (continued) 




Layers + Snow 
Vegetation Types Boundary layer 
parameterization 
NCEP CFS OSU; 2 + 1 Snow 13 vegetation classes Hong-Pan 
non-local K 
ECPC RSM OSU; 2 + 1 Snow 13 vegetation classes Hong-Pan 
non-local K 
CSU RAMS LEAF-3; variable soil 
and snow layers 
20 vegetation classes Mellor-Yamada 
Level 2.5 TKE closure 




ISWS CWRF CSSP; 11+5 Snow 24 classes from USGS CAM non-local K 
PNNL WRF-ARW VIC; 4+1 snow 24 classes from USGS Yonsei University 
(explicit entrainment) 











































Table 2. (continued) 








NCEP CFS GFDL RRTM long-
wave 
NASA Chou scheme 
SW 




ECPC RSM GFDL RRTM long-
wave 
NASA Chou scheme 
SW 




CSU RAMS Harrington (1997) Level 3 bulk 
microphysics, includes 
cloud water, rain, 
pristine ice, snow, 
graupel, hail 
Kain-Fritsch 
ISU MM5 GFDL RRTM Reisner mixed phase Kain-Fritsch2 mass flux 
ISWS CWRF GSFC shortwave and 
longwave, both 
revised 
Prognostic cloud with 
Thompson scheme 
Ensemble cumulus 
scheme revised from 
Grell-Devenyi 
 
PNNL WRF-ARW CAM shortwave 
CAM longwave 
Prognostic cloud liquid 
and ice, rain, snow 
Kain-Fritsch2 mass flux 



































Table 3. α and β values and the mean of the gamma distribution (  ) for the Interior West JFM season using 
1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.475, 7.626) 3.621 (0.490, 7.637) 3.742 (0.476, 7.655) 3.647 
NARR (0.458, 7.679) 3.519 (0.490, 7.637) 3.742 (0.435, 7.710) 3.357 
CFS Native (0.647, 7.422) 4.801 (0.679, 7.417) 5.037 (0.647, 7.421) 4.804 
CFS MRED (0.610, 7.462) 4.556 (0.643, 7.456) 4.795 (0.612, 7.460) 4.569 
CSU RAMS (0.597, 7.508) 4.483 (0.627, 7.444) 4.665 (0.586, 7.551) 4.426 
ECPC RSM (0.672, 7.425) 4.991 (0.686, 7.380) 5.065 (0.689, 7.377) 5.082 
ISU MM5 (0.625, 7.476) 4.671 (0.653, 7.416) 4.839 (0.628, 7.442) 4.675 
ISWS CWRF (0.651, 7.418) 4.827 (0.652, 7.417) 4.834 (0.664, 7.403) 4.915 
PNNL WRF (0.579, 7.528) 4.360 (0.602, 7.502) 4.520 (0.574, 7.503) 4.311 









































Table 4. Same as Table 3, but for the Interior West FMA season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.484, 7.644) 3.703 (0.495, 7.631) 3.778 (0.473, 7.659) 3.624 
NARR (0.464, 7.671) 3.559 (0.490, 7.638) 3.740 (0.431, 7.715) 3.327 
CFS Native (0.647, 7.452) 4.820 (0.689, 7.407) 5.103 (0.628, 7.473) 4.694 
CFS MRED (0.612, 7.461) 4.564 (0.659, 7.439) 4.903 (0.590, 7.486) 4.414 
CSU RAMS (0.612, 7.460) 4.568 (0.643, 7.456) 4.794 (0.587, 7.489) 4.394 
ECPC RSM (0.669, 7.428) 4.971 (0.679, 7.418) 5.035 (0.673, 7.424) 4.995 
ISU MM5 (0.615, 7.487) 4.607 (0.644, 7.455) 4.800 (0.602, 7.502) 4.515 
ISWS CWRF (0.642, 7.427) 4.771 (0.649, 7.419) 4.818 (0.641, 7.429) 4.760 
PNNL WRF (0.567, 7.512) 4.259 (0.597, 7.477) 4.464 (0.547, 7.536) 4.121 










































Table 5. Same as Table 3, except for the Southwest JFM season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.544, 12.200) 6.637 (0.566, 13.353) 7.562 (0.541, 8.702) 4.709 
NARR (0.556, 10.520) 5.852 (0.586, 11.501) 6.737 (0.526, 7.782) 4.092 
CFS Native (0.566, 12.552) 7.109 (0.596, 13.792) 8.215 (0.517, 12.256) 6.332 
CFS MRED (0.578, 9.876) 5.707 (0.597, 11.139) 6.648 (0.558, 9.112) 5.086 
CSU RAMS (0.552, 11.155) 6.158 (0.595, 11.614) 6.909 (0.499, 11.483) 5.726 
ECPC RSM (0.520, 14.826) 7.704 (0.565, 16.014) 9.042 (0.496, 13.971) 6.927 
ISU MM5 (0.596, 14.537) 8.664 (0.629, 15.616) 9.822 (0.556, 14.299) 7.956 
ISWS CWRF (0.496, 16.019) 7.950 (0.522, 16.601) 8.667 (0.470, 16.291) 7.665 
PNNL WRF (0.526, 12.442) 6.544 (0.558, 12.739) 7.113 (0.497, 12.962) 6.440 










































Table 6. Same as Table 4, except for the Southwest FMA season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.522, 11.634) 6.076 (0.540, 12.573) 6.795 (0.527, 8.629) 4.548 
NARR (0.533, 10.011) 5.338 (0.565, 10.688) 6.039 (0.514, 7.776) 3.997 
CFS Native (0.589, 11.393) 6.714 (0.619, 12.482) 7.724 (0.517, 12.256) 6.332 
CFS MRED (0.594, 8.880) 5.273 (0.626, 9.932) 6.212 (0.562, 8.102) 4.556 
CSU RAMS (0.554, 10.335) 5.730 (0.592, 10.920) 6.469 (0.498, 10.377) 5.163 
ECPC RSM (0.502, 14.114) 7.088 (0.546, 15.643) 8.544 (0.483, 12.659) 6.112 
ISU MM5 (0.600, 13.425) 8.062 (0.635, 14.656) 9.301 (0.560, 12.735) 7.125 
ISWS CWRF (0.501, 13.557) 6.796 (0.522, 14.281) 7.462 (0.475, 13.524) 6.427 
PNNL WRF (0.514, 10.796) 5.545 (0.542, 11.174) 6.058 (0.486, 11.211) 5.453 










































Table 7. Same as Table 3, except for the Gulf Coast JFM season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.601, 17.509) 10.521 (0.631, 17.704) 11.168 (0.592, 15.146) 8.959 
NARR (0.632, 14.520) 9.179 (0.667, 14.883) 9.921 (0.633, 12.786) 8.091 
CFS Native (0.553, 16.257) 8.984 (0.521, 18.329) 9.553 (0.586, 14.735) 8.627 
CFS MRED (0.568, 12.955) 7.361 (0.538, 15.026) 8.089 (0.599, 11.412) 6.833 
CSU RAMS (0.506, 15.568) 7.871 (0.491, 16.611) 8.154 (0.516, 14.864) 7.676 
ECPC RSM (0.522, 20.389) 10.647 (0.527, 21.184) 11.168 (0.530, 18.952) 10.037 
ISU MM5 (0.609, 18.060) 11.002 (0.624, 18.538) 11.574 (0.600, 18.016) 10.808 
ISWS CWRF (0.501, 20.154) 10.093 (0.520, 22.360) 11.618 (0.477, 18.648) 8.891 
PNNL WRF (0.463, 14.362) 6.654 (0.507, 16.224) 8.220 (0.430, 12.768) 5.495 










































Table 8. Same as Table 4, except for the Gulf Coast FMA season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.579, 18.030) 10.437 (0.605, 18.924) 11.457 (0.582, 15.176) 8.829 
NARR (0.603, 14.779) 8.916 (0.625, 15.931) 9.957 (0.600, 12.847) 7.707 
CFS Native (0.613, 16.082) 9.857 (0.574, 17.931) 10.292 (0.649, 14.461) 9.385 
CFS MRED (0.631, 12.482) 7.876 (0.594, 14.355) 8.523 (0.660, 10.961) 7.237 
CSU RAMS (0.537, 17.225) 9.253 (0.518, 18.157) 9.411 (0.546, 16.349) 8.925 
ECPC RSM (0.524, 20.367) 10.662 (0.525, 20.989) 11.024 (0.528, 19.188) 10.135 
ISU MM5 (0.622, 17.732) 11.031 (0.637, 17.748) 11.302 (0.614, 17.515) 10.745 
ISWS CWRF (0.528, 19.809) 10.467 (0.543, 21.789) 11.823 (0.516, 17.809) 9.191 
PNNL WRF (0.492, 15.072) 7.411 (0.531, 16.492) 8.764 (0.454, 13.893) 6.306 










































Table 9. Same as Table 3, except for the Ohio Valley JFM season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.597, 9.081) 5.424 (0.604, 7.862) 4.752 (0.588, 9.960) 5.853 
NARR (0.556, 9.488) 5.270 (0.556, 8.387) 4.665 (0.539, 10.535) 5.677 
CFS Native (0.560, 9.527) 5.336 (0.555, 8.892) 4.931 (0.573, 10.497) 6.012 
CFS MRED (0.596, 7.851) 4.682 (0.586, 7.490) 4.389 (0.612, 8.583) 5.255 
CSU RAMS (0.614, 7.488) 4.601 (0.606, 7.498) 4.541 (0.634, 7.565) 4.795 
ECPC RSM (0.599, 10.825) 6.488 (0.604, 9.909) 5.981 (0.595, 12.075) 7.185 
ISU MM5 (0.499, 10.287) 5.131 (0.481, 9.757) 4.694 (0.530, 11.210) 5.938 
ISWS CWRF (0.627, 10.276) 6.439 (0.616, 9.835) 6.056 (0.651, 10.912) 7.107 
PNNL WRF (0.539, 10.174) 5.480 (0.526, 10.241) 5.391 (0.574, 10.318) 5.928 










































Table 10. Same as Table 4, except for the Ohio Valley FMA season using 1mm bin width. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.633, 9.315) 5.895 (0.627, 9.039) 5.670 (0.614, 10.050) 6.166 
NARR (0.601, 9.497) 5.706 (0.595, 9.177) 5.457 (0.570, 10.508) 5.985 
CFS Native (0.594, 10.379) 6.170 (0.586, 9.480) 5.554 (0.613, 11.397) 6.988 
CFS MRED (0.643, 8.346) 5.369 (0.633, 7.703) 4.873 (0.668, 9.080) 6.061 
CSU RAMS (0.662, 7.850) 5.194 (0.664, 7.433) 4.938 (0.636, 9.239) 5.878 
ECPC RSM (0.622, 12.107) 7.527 (0.621, 11.108) 6.895 (0.624, 13.218) 8.247 
ISU MM5 (0.573, 10.415) 5.964 (0.551, 9.880) 5.446 (0.615, 11.026) 6.783 
ISWS CWRF (0.664, 10.663) 7.080 (0.653, 10.101) 6.597 (0.694, 11.244) 7.808 
PNNL WRF (0.607, 10.467) 6.349 (0.593, 10.348) 6.140 (0.638, 10.732) 6.847 










































Table 11. Same as Table 3, except for Interior West JFM season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (1.044, 2.644) 2.760 (1.041, 2.757) 2.871 (1.085, 2.480) 2.691 
NARR (1.026, 2.627) 2.695 (1.033, 2.793) 2.885 (1.107, 2.177) 2.409 
CFS Native (0.991, 4.258) 4.218 (0.989, 4.554) 4.505 (1.025, 4.018) 4.117 
CFS MRED (1.032, 3.676) 3.794 (1.037, 3.910) 4.055 (1.059, 3.530) 3.738 
CSU RAMS (1.008, 3.731) 3.761 (1.018, 3.886) 3.958 (1.010, 3.637) 3.675 
ECPC RSM (0.914, 5.216) 4.766 (0.929, 5.179) 4.811 (0.932, 5.174) 4.823 
ISU MM5 (0.955, 4.349) 4.155 (0.966, 4.490) 4.336 (0.974, 4.215) 4.107 
ISWS CWRF (0.991, 4.278) 4.242 (0.999, 4.236) 4.230 (1.010, 4.252) 4.296 
PNNL WRF (0.964, 3.886) 3.745 (0.962, 4.090) 3.937 (0.972, 3.775) 3.667 










































Table 12. Same as Table 4, except for Interior West FMA season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (1.053, 2.668) 2.811 (1.060, 2.705) 2.867 (1.089, 2.451) 2.670 
NARR (1.045, 2.577) 2.693 (1.057, 2.679) 2.832 (1.114, 2.126) 2.368 
CFS Native (1.043, 3.904) 4.070 (1.043, 4.234) 4.417 (1.070, 3.583) 3.835 
CFS MRED (1.032, 3.676) 3.794 (1.117, 3.550) 3.965 (1.109, 3.107) 3.446 
CSU RAMS (1.018, 3.778) 3.846 (1.031, 3.954) 4.075 (1.006, 3.651) 3.673 
ECPC RSM (0.924, 5.078) 4.694 (0.924, 5.169) 4.779 (0.949, 4.874) 4.623 
ISU MM5 (0.994, 3.971) 3.947 (0.996, 4.192) 4.173 (1.004, 3.786) 3.800 
ISWS CWRF (1.010, 4.076) 4.117 (1.023, 4.042) 4.134 (1.016, 4.024) 4.087 
PNNL WRF (1.003, 3.513) 3.522 (1.009, 3.704) 3.737 (1.001, 3.366) 3.370 










































Table 13. Same as Table 5, except for Southwest JFM season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.709, 9.418) 6.681 (0.714, 10.658) 7.605 (0.757, 6.300) 4.769 
NARR (0.738, 8.009) 5.908 (0.744, 9.124) 6.784 (0.773, 5.379) 4.160 
CFS Native (0.726, 9.849) 7.153 (0.737, 11.198) 8.255 (0.705, 9.052) 6.380 
CFS MRED (0.764, 7.540) 5.758 (0.761, 8.793) 6.691 (0.762, 6.754) 5.145 
CSU RAMS (0.729, 8.518) 6.209 (0.752, 9.244) 6.952 (0.693, 8.350) 5.790 
ECPC RSM (0.675, 11.482) 7.753 (0.698, 13.017) 9.082 (0.665, 10.499) 6.983 
ISU MM5 (0.725, 12.005) 8.701 (0.742, 13.274) 9.854 (0.699, 11.457) 8.006 
ISWS CWRF (0.646, 12.407) 8.020 (0.661, 13.202) 8.721 (0.628, 12.316) 7.737 
PNNL WRF (0.698, 9.454) 6.599 (0.716, 10.007) 7.160 (0.675, 9.628) 6.503 










































Table 14. Same as Table 6, except for Southwest FMA season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.703, 8.716) 6.128 (0.705, 9.704) 6.843 (0.751, 6.143) 4.612 
NARR (0.732, 7.381) 5.399 (0.741, 8.222) 6.089 (0.767, 5.304) 4.070 
CFS Native (0.752, 8.988) 6.756 (0.763, 10.176) 7.762 (0.730, 8.050) 5.879 
CFS MRED (0.788, 6.749) 5.321 (0.793, 7.888) 6.253 (0.784, 5.889) 4.616 
CSU RAMS (0.741, 7.799) 5.782 (0.758, 8.595) 6.512 (0.710, 7.364) 5.230 
ECPC RSM (0.672, 10.639) 7.145 (0.689, 12.469) 8.586 (0.672, 9.192) 6.179 
ISU MM5 (0.738, 10.983) 8.108 (0.754, 12.383) 9.332 (0.716, 10.031) 7.180 
ISWS CWRF (0.670, 10.240) 6.862 (0.678, 11.094) 7.519 (0.655, 9.914) 6.494 
PNNL WRF (0.711, 7.884) 5.607 (0.723, 8.456) 6.113 (0.691, 7.995) 5.524 










































Table 15. Same as Table 7, except for Gulf Coast JFM season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.713, 14.790) 10.549 (0.736, 15.212) 11.196 (0.718, 12.523) 8.991 
NARR (0.756, 12.188) 9.212 (0.779, 12.772) 9.945 (0.767, 10.593) 8.127 
CFS Native (0.696, 12.976) 9.027 (0.667, 14.404) 9.606 (0.724, 11.963) 8.664 
CFS MRED (0.729, 10.160) 7.407 (0.696, 11.693) 8.136 (0.763, 9.012) 6.875 
CSU RAMS (0.669, 11.842) 7.927 (0.654, 12.565) 8.213 (0.682, 11.341) 7.729 
ECPC RSM (0.648, 16.507) 10.695 (0.649, 17.275) 11.218 (0.658, 15.303) 10.077 
ISU MM5 (0.722, 15.285) 11.028 (0.732, 15.854) 11.597 (0.714, 15.180) 10.843 
ISWS CWRF (0.636, 15.979) 10.155 (0.640, 18.256) 11.678 (0.627, 14.284) 8.962 
PNNL WRF (0.658, 10.212) 6.724 (0.669, 12.364) 8.272 (0.658, 8.470) 5.577 










































Table 16. Same as Table 8, except for Gulf Coast FMA season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.695, 15.082) 10.476 (0.710, 16.188) 11.502 (0.712, 12.448) 8.863 
NARR (0.734, 12.205) 8.952 (0.744, 13.433) 9.987 (0.745, 10.390) 7.745 
CFS Native (0.736, 13.449) 9.892 (0.702, 14.726) 10.330 (0.768, 12.261) 9.419 
CFS MRED (0.772, 10.253) 7.912 (0.734, 11.658) 8.563 (0.804, 9.043) 7.273 
CSU RAMS (0.678, 13.723) 9.301 (0.661, 14.320) 9.463 (0.689, 13.036) 8.977 
ECPC RSM (0.648, 16.530) 10.708 (0.647, 17.110) 11.074 (0.656, 15.515) 10.178 
ISU MM5 (0.731, 15.137) 11.059 (0.741, 15.292) 11.333 (0.725, 14.865) 10.773 
ISWS CWRF (0.653, 16.120) 10.523 (0.655, 18.134) 11.878 (0.654, 14.145) 9.246 
PNNL WRF (0.669, 11.176) 7.472 (0.681, 12.937) 8.816 (0.659, 9.677) 6.380 










































Table 17. Same as Table 9, except for Ohio Valley JFM season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.784, 6.976) 5.470 (0.813, 5.906) 4.801 (0.764, 7.721) 5.896 
NARR (0.758, 7.030) 5.328 (0.778, 6.077) 4.725 (0.732, 7.832) 5.732 
CFS Native (0.759, 7.107) 5.393 (0.766, 6.516) 4.992 (0.753, 8.053) 6.063 
CFS MRED (0.813, 5.829) 4.738 (0.819, 5.407) 4.428 (0.807, 6.574) 5.306 
CSU RAMS (0.877, 5.005) 4.391 (0.915, 4.533) 4.147 (0.836, 5.801) 4.848 
ECPC RSM (0.760, 8.591) 6.530 (0.775, 7.779) 6.025 (0.745, 9.698) 7.228 
ISU MM5 (0.717, 7.254) 5.198 (0.717, 6.651) 4.768 (0.720, 8.325) 5.998 
ISWS CWRF (0.789, 8.213) 6.477 (0.787, 7.750) 6.101 (0.797, 8.960) 7.141 
PNNL WRF (0.739, 7.496) 5.540 (0.731, 7.463) 5.453 (0.757, 7.897) 5.980 










































Table 18. Same as Table 10, except for Ohio Valley FMA season using the unbinned data. 
Model or All Years El Niño Years La Niña Years 
Observation (α, β)        
 
(α, β)         
 
(α, β)        
 
UNI (0.801, 7.403) 5.933 (0.804, 7.103) 5.711 (0.778, 7.972) 6.205 
NARR (0.783, 7.346) 5.753 (0.785, 7.013) 5.504 (0.751, 8.030) 6.030 
CFS Native (0.768, 8.095) 6.216 (0.776, 7.224) 5.607 (0.770, 9.136) 7.031 
CFS MRED (0.830, 6.519) 5.413 (0.838, 5.878) 4.926 (0.834, 7.311) 6.100 
CSU RAMS (0.846, 6.190) 5.238 (0.892, 5.385) 4.805 (0.807, 7.334) 5.921 
ECPC RSM (0.763, 9.919) 7.565 (0.772, 8.979) 6.936 (0.756, 10.960) 8.281 
ISU MM5 (0.755, 7.963) 6.014 (0.750, 7.334) 5.502 (0.774, 8.812) 6.821 
ISWS CWRF (0.808, 8.803) 7.116 (0.807, 8.219) 6.634 (0.824, 9.512) 7.837 
PNNL WRF (0.775, 8.252) 6.393 (0.767, 8.067) 6.185 (0.792, 8.688) 6.886 









































FIG. 1. The MRED domain with the 4 analysis regions: Interior West (IW), Southwest 






























FIG. 2. From Husak et al. (2007) their Fig. 2, showing conceptually shape and scale 

























FIG. 3. α and β values for the Gulf Coast using the 1mm bin width for (a,c,e) JFM and 
(b,d,f) FMA for (a,b) El Niño years, (c,d) all 22 years of analysis, and (e,f) La Niña years. 
The dashed black line is the UNI observed mean of the gamma distribution. Mean (red 




FIG. 4. CPC UNI JFM mean precipitation for 1983-2004 (All years) with the red boxes 





FIG. 5. α and β for the Interior West using the 1mm bin width for (a,c,e) JFM and (b,d,f) 
FMA for (a,b) El Niño years, (c,d) all 22 years, and (e,f) La Niña years. The dashed black 
line is given by the UNI observed mean of the gamma distribution. Models above this 
line are wetter and models below this line are drier than the UNI observed mean of the 




FIG. 6. Precipitation frequency versus intensity for the Interior West using the 1mm bin 
width for (a,c,e) JFM and (b,d,f) FMA for (a,b) El Niño years, (c,d) all 22 years of 












































FIG. 13. ISU MM5 and CSU RAMS frequency versus intensity over the Ohio Valley for 
El Niño years using the 1mm bin width. The ISU MM5 frequency decreases rapidly in 
the lowest precipitation intensities (<20 mm day
-1
) compared to the CSU RAMS. 















Fig. 14. Interior West’s no precipitation frequency for (a,c,e) JFM and (b,d,f) FMA for 

















































The objective of this thesis was to examine daily precipitation frequency and 
intensity in winter seasonal hindcasts over the continental United States in a global model 
and six downscaled RCMs assessing the model’s abilities to capture the ENSO signature 
compared to observations. The global NCEP CFS downscaled six RCMs over the 
continental United States from 1982 to 2003. The gamma distribution’s parameters α and 
β were utilized to find the mean of the gamma distribution for the models and 
observations for the 22 years of analysis and six El Niño and five La Niña years. For both 
binned and unbinned precipitation, we were able to compare the mean of the gamma 
distribution between these three time periods to determine that the SW, GC, and OH 
regions have an observable change in the mean of their gamma distribution.  
This is caused by both α and β increasing or decreasing. For the SW and GC, the 
mean of the gamma distribution is larger in El Niño years and smaller in La Niña years. 
These regions have scale dominated precipitation, that is, variable precipitation with 
more heavy precipitation events. Conversely in the OH, precipitation is shape dominated 
meaning precipitation tends to be more consistent. For both binned and unbinned 
precipitation, the mean of the gamma distribution is larger in La Niña years and smaller 
in El Niño years as expected for ENSO (Ropelewski and Halpert 1989). However, the 
behavior of α and β is different between the binned and unbinned precipitation over the 
OH. For 1mm bin width, α and β were increasing in LN years and decreasing in EN 
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years. But for the unbinned precipitation in LN years, both parameters could be 
increasing, decreasing or one parameter increasing and one parameter decreasing.  
Over the IW, we find that the mean of the gamma distribution is higher in El Niño 
years and lower in La Niña years compared to all 22 years of analysis. With no known 
ENSO precipitation influence over this region, the difference in the mean of the gamma 
distribution in different ENSO phases was not expected. 
 
Recommendations for future work 
 
 This study has shown that downscaling a GCM by using RCMs can capture the 
ENSO precipitation signal in regions with known ENSO influences in hindcast mode. A 
first avenue for additional research would be to begin producing seasonal forecasts. Since 
NCEP already generates in real-time a CFS forecast, a few of the RCMs could downscale 
the CFS to provide more regional scale precipitation information to decision makers. 
Second, it may also be beneficial to quantify how much wetter or drier conditions will be 
than the average precipitation. So far, we only were able to state whether models were 
wetter or drier than the observed mean of the gamma distribution. If this can be skillfully 
quantified, this may provide additional useful information to decision makers on how to 
best prepare their infrastructure and manage their resources. Third, spatial plots over the 
continental United States that show seasonal precipitation areas of above, near or below 
average precipitation may be an additional asset to decision makers. Many current 
operational outlook products at NCEP’s CPC use this method. Finally, an investigation of 
extreme precipitation could prove useful to decision makers. As noted in Groisman et al. 
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(2005), the mean precipitation over some regions does not appreciably change, but the 
number of heavy precipitation events does change. This may alter what actions decision 
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